The work presented here is a first step toward a long term goal of systems biology, the complete elucidation of the gene regulatory networks of a living organism. To this end, we have employed DNA microarray technology to identify genes involved in the regulatory networks that facilitate the transition of Escherichia coli cells from an aerobic to an anaerobic growth state. We also report the identification of a subset of these genes that are regulated by a global regulatory protein for anaerobic metabolism, FNR. Analysis of these data demonstrated that the expression of over one-third of the genes expressed during growth under aerobic conditions are altered when E. coli cells transition to an anaerobic growth state, and that the expression of 712 (49%) of these genes are either directly or indirectly modulated by FNR. The results presented here also suggest interactions between the FNR and the leucine-responsive regulatory protein (Lrp) regulatory networks. Because computational methods to analyze and interpret high dimensional DNA microarray data are still at an early stage, and because basic issues of data analysis are still being sorted out, much of the emphasis of this work is directed toward the development of methods to identify differentially expressed genes with a high level of confidence. In particular, we describe an approach for identifying gene expression patterns (clusters) obtained from multiple perturbation experiments based on a subset of genes that exhibit high probability for differential expression values.
The enteric bacterium Escherichia coli, like many commensal and pathogenic microorganisms, thrives in the gastrointestinal tract of humans and other warm-blooded animals. In this environment, oxygen required for respiration and energy generation is in limited supply. Thus, the cell must derive energy from anaerobic respiration with alternative electron acceptors such as nitrate and fumarate or by fermentation of simple sugars. Metabolic transitions between aerobic and anaerobic growth states occur when E. coli cells enter an animal host and colonize the gastrointestinal tract, and when individual cells reposition themselves in new microenvironments inside the host. Each of these transitions is accompanied by fluctuations in oxygen tension. The cell responds to these fluctuations by modulating its central metabolic pathways for carbon and energy flow (1) . Depending on the availability of oxygen, the cell can transition to the utilization of a variety of small carbon compounds as electron donors and/or acceptors for respiration (2) . In addition, E. coli cells respond to these fluctuations in oxygen availability by altering the expression of a number of membrane-associated nutrient uptake or excretion systems, as well as a number of metabolic pathways such as those required for heme and quinone synthesis (1) .
E. coli controls many of these systems in response to oxygen by altering gene expression levels. For example, expression of genes involved in oxygen utilization are switched off as oxygen is fully depleted from the environment. In a reciprocal fashion, expression of genes encoding alternative anaerobic electron transport pathways or genes needed for fermentation are switched on. Many of these metabolic transitions are controlled at the transcriptional level by the activities of a global regulatory protein, FNR, 1 and a two-component regulatory system ArcAB (3, 4) . FNR is a CAP (catabolic activator protein) homologue that contains an oxygen labile iron-sulfur center as a sensor element for anaerobiosis (5, 6) . Mutations in the fnr gene are known to affect the synthesis of nitrite, nitrate, and fumarate reductases (7) , as well as fermentation pathway genes. Over 70 genes in 31 operons are currently recognized as members of the FNR gene regulatory network. The ArcAB (aerobic respiratory control) two-component regulatory system is composed of a classical OmpR-like receiver regulator, ArcA, and a membrane-associated sensor transmitter, ArcB (8) . Examples of ArcA-regulated genes include genes for the Krebs cycle (sdh-CDAB, icd, fumA, mdh, gltA, acnA, and acnB), for pyruvate metabolism and superoxide dismutase (pfl and sodA), and genes for the cytochrome o oxidase (cyoABCDE) and cytochrome d oxidase (cydAB) (1) .
The purpose of this genome-based study is to identify additional genes differentially expressed in response to oxygen availability and to define further the network of genes controlled by the global regulatory protein, FNR. To identify the 2 Data Acquisition-A commercial software package obtained from Research Imaging Inc. (DNA ArrayVision) was used to grid the 16-bit image file, obtained from the PhosphorImager, to record the pixel density of each of the 18,432 addresses on each filter and to perform the background subtractions. 8,580 of the addresses on each filter are spotted with duplicate copies of each of the 4,290 E. coli ORFs. The remaining 9,852 empty addresses were used for background measurements. Because the backgrounds were quite constant, a global average background measurement was subtracted from each experimental measurement, although local background calculations are possible. Greater than 4 logs of linearity for the PhosphorImager derived data were observed.
Experimental Design-The experimental design for the experiments reported here is diagrammed in Fig. 1 . In Experiment 1, filters 1 and 2 were hybridized with 33 P-labeled, random hexamer-generated cDNA fragments complementary to each of three RNA preparations (RNA 1-3) obtained from the cells of three individual cultures of the FNR ϩ strain, MC4100, grown under aerobic conditions. These three 33 P-labeled cDNA target preparations were pooled prior to hybridization. Equal aliquots were hybridized to the duplicate E. coli Sigma-Genosys Panorama TM nylon filter arrays (Experiment 1, replicate 1, filters 1 and 2). Following PhosphorImager analysis, these filters were stripped and again hybridized with pooled 33 P-labeled cDNA target fragments complementary to each of another three independently prepared RNA preparations (RNA 4 -6) from the same strain (MC4100; Experiment 1, replicate 2). This procedure was repeated two more times with filters 1 and 2 using two more independently prepared pools of cDNA targets (Experiment 1, replicates 3 and 4; RNA 7-9 and RNA 10 -12). In Experiment 2, filters 3 and 4 were hybridized with 33 P-labeled, random hexamer-generated cDNA fragments complementary to each of three RNA preparations (RNA [13] [14] [15] obtained from the cells of three individual cultures of the FNR ϩ strain MC4100 grown under anaerobic conditions. As for Experiment 1, these three 33 P-labeled cDNA target preparations were pooled prior to hybridization to the full-length ORF probes on the filters (Experiment 2, replicate 1, filters 3 and 4). Following PhosphorImager analysis, these filters were stripped and again hybridized with pooled, 33 P-labeled cDNA target fragments complementary to each of another three independently prepared RNA preparations (RNA 16 -18) from the same strain (MC4100; Experiment 2, replicate 2). This procedure was repeated two more times with filters 3 and 4 using two more independently prepared pools of cDNA targets (Experiment 2, replicates 3 and 4; RNA 19 -21 and RNA [22] [23] [24] . In Experiment 3, filters 5 and 6 were hybridized with 33 P-labeled, random hexamer-generated, cDNA fragments complementary to each of three RNA preparations (RNA [25] [26] [27] obtained from the cells of three individual cultures of the FNR Ϫ strain PC2 grown under anaerobic conditions. These three 33 P-labeled cDNA target preparations were pooled prior to hybridization to the full-length ORF probes on the filters (Experiment 3, replicate 1, filters 5 and 6). Following PhosphorImager analysis, these filters were stripped and again hybridized with pooled, 33 P-labeled cDNA target fragments complementary to each of another three independently prepared RNA preparations (RNA 28 -30) from the same strain (PC2; Experiment 3, replicate 2). This procedure was repeated one more time with filters 5 and 6 with another independently prepared pool of cDNA targets (Experiment 3, replicates 3; RNA [31] [32] [33] . The data for the fourth replicate of this experiment was lost.
This experimental design produces duplicate filter data for four replicates performed with cDNA targets complementary to four independent sets of pooled RNA preparations for each experiment. Thus, because each filter contains duplicate spots for each ORF and duplicate filters were used for each experiment, a total of 16 measurements were obtained, 4 measurements for each ORF from each of 4 replicates for wild-type experiments, and 4 for each of the 3 replicates for the FNR Ϫ experiments (12 measurements).
Data Analysis-For each target signal, a background-subtracted estimate of expression level was obtained and scaled to total counts on the membrane by dividing each individual gene expression value by the total of all target signals on the membrane. Thus, each normalized gene level is expressed as a fraction of the total mRNA hybridized to each DNA array. For any given measurement, a value greater than zero (indicating an expression level) or a zero (indicating an expression level lower than background) is obtained. Only those genes exhibiting an expression level greater than zero in all replicates were used for statistical analysis. These gene expression level measurements were analyzed by a regularized t test based on a Bayesian statistical framework (11) (12) (13) (14) (15) . For the analysis of the data reported here, we ranked the mean gene expression levels of the replicate experiments in ascending order, used a sliding window of 101 genes, and we assigned the average standard deviation of the 50 genes ranked below and above each gene as the Bayesian standard deviation for that gene. The p values for each gene measurement based on a regularized t test with a confidence value of 10 are reported in the Supplemental Material. A comprehensive discussion of the use of a regularized t test and the modifications applicable to the analysis of DNA microarray data of the type presented here are described in detail elsewhere (12) .
Gene measurements containing zero expression values in one or more replicates were set aside. Among this set of genes, those with zero expression values for all replicates in one experiment, and all values greater than zero for all measurements of another experiment were identified. Because these gene measurements could not be analyzed with a t test, the significance of these results was evaluated by ranking these genes in ascending order according to their coefficients of variance of the four greater than zero measurements of each experiment(s).
To interpret the results of a high dimensional DNA array experiment, it is necessary to determine the global false-positive and -negative levels inherent in the data set being analyzed. We have implemented a mixture model-based method described by Allison et al. (16) for the computation of the global false-positive and -negative levels inherent in a DNA microarray experiment (11, 12) . The basic idea is to consider the p values as a new data set and to build a probabilistic model for these new data. When control data sets are compared with one another (i.e. no differential gene expression), it is easy to see that the p values ought to have a uniform distribution between zero and one. In contrast, when data sets from different genotypes or treatment conditions are compared with one another, a non-uniform distribution will be observed in which p values will tend to cluster more closely to zero than one (Fig. 2) , i.e. there will be a subset of differentially expressed genes with "significant" p values. The computational method of Allison (16) is used to model this mixture of uniform and non-uniform distributions to determine the probability, PPDE(p) ranging from 0 to 1, that any gene at any given p value is differentially expressed, i.e. it is a member of the uniform (not differentially expressed) or the nonuniform (differentially expressed) distribution. With this method, we can estimate the rates of false positives and false negatives as well as true positives and true negatives at any given p value threshold, PPDE(Ͻp). In other words, we can obtain a posterior probability of differential expression PPDE(p) value for each gene measurement and a PPDE(Ͻp) value at any given p value threshold based on the experiment-wide global false-positive level and the p value exhibited by that gene (11, 12) . It should also be emphasized that this information allows us to infer the genome-wide number of genes that are differentially expressed, i.e. the fraction of genes in the non-uniform distribution (differentially expressed) and the fraction of genes in the uniform distribution (not differentially expressed). The PPDE(Ͻp) and PPDE(p) values plotted against p values for the gene measurements of the ϩO 2 versus ϪO 2 and ϪO 2 , ϩFNR versus ϪO 2 , ϪFNR experiments are shown in Fig. 3 . In Fig. 3A we see that at a p value less than 1, which includes all gene measurements, the PPDE(Ͻp) is 0.63. This means that 63% of the 2,820 genes expressed above background in all of four replicate experiments are inferred to be differentially expressed between growth in the presence and absence of oxygen. In most instances, PPDE(Ͻp) values are reported in the text and tables of this article. However, both PPDE(p) and PPDE(Ͻp) values are given for each gene in the Supplemental Material.
The statistical methods described above are implemented in the Cyber-T software package available for on-line use at the website of the Institute for Genomics and Bioinformatics at the University of California, Irvine (www.igb.uci.edu). The clustering methods used to determine the regulatory patterns reported below are those implemented in the GeneSpring TM (Silicon Genetics, Redwood City, CA) software package.
RESULTS AND DISCUSSION

Differential Gene Expression in the Presence or Absence of
Oxygen-In the following discussions we often simply refer to the fold change for differentially expressed genes. However, it is important to emphasize that reporting fold changes is incomplete and can be misleading (12) A comparison of the gene expression levels between cells grown in the presence and absence of oxygen revealed 2,820 genes that exhibited expression levels above background for all replicates of Experiments 1 and 2 (ϩO 2 , ϩFNR versus ϪO 2 , ϩFNR; Fig. 1 ). If two data sets for which no differences are expected (e.g. ϩO 2 versus ϩO 2 ) were compared, then the p values would be equally distributed between 0 and 1.0 (dashed lines in Fig. 2 ). On the other hand, if differences among measurement levels of some genes are present (e.g. ϩO 2 versus ϪO 2 ; Fig. 2A ), then the p values for those genes will be low and cluster toward 0. In Fig. 2A , the p values for all 2,820 gene measurements are distributed into 100 bins ranging from 0 to 1.0 and plotted against the number of genes in each bin. It is evident from an examination of the p value distribution in Fig.  2A that about one-half of the genes expressed during aerobic growth are modulated during the transition to anaerobic growth. Whereas the demarcation between differentially and non-differentially expressed genes is arbitrary, the data in Fig.  2A suggest that a lower threshold of p ϭ 0.05, which corresponds to a PPDE(Ͻp) value of 0.96 described under "Materials and Methods," is reasonable. Thus, of the 1,445 differentially expressed genes that exceed this threshold, 58 are expected to be false positives. Furthermore, it must be kept in mind that the remaining genes classified as not differentially expressed contain false negatives. The complete computational method to determine the fraction of differentially expressed genes and the fraction of falsely identified differentially expressed genes at any given PPDE(Ͻp) value has been described by Hung et al. (11) .
The p values and PPDE(Ͻp) values, as well as additional statistical data, for all genes are contained in the Supplemental Material. However, when two or more parameters are perturbed, data mining methods designed to identify more complex gene expression patterns are needed. This is the case for the set of experiments described here where we examined the effects of perturbing two variables, one genetic variable and one environmental variable.
Differential Gene Expression in the Absence of Oxygen in the Presence and Absence of the FNR Global
To identify the global changes and adjustments of gene expression patterns that facilitate a transition from aerobic to anaerobic growth conditions, and to determine the effects of genotype on these gene expression patterns, we analyzed E. coli gene expression profiles obtained from cells cultured under aerobic or anaerobic growth conditions (ϩO 2 or ϪO 2 ) and under anaerobic growth conditions in the presence or absence of the global regulatory protein for anaerobic metabolism, FNR (ϪO 2 , ϩFNR or ϪO 2 , ϪFNR). Because FNR is presumed to be inactive under aerobic (ϩO 2 ) conditions, we did not perform experiments comparing fnr genotypes under aerobic conditions. Only two general regulatory patterns can be observed when only two experimental conditions are compared, for example growth in the presence or absence of oxygen. However, when two conditions are compared, at least eight general regulatory patterns are expected. The data in Fig. 4 diagram the eight basic regulatory patterns that could be observed among three experiments conducted in the presence and absence of oxygen in an fnr ϩ strain and in the absence of oxygen in an fnr Ϫ strain. For simplicity, only three expression levels for each of these three experimental conditions are assumed: low, medium, and high.
An intuitive method to identify genes with these regulatory patterns could be to simply use any of several popular clustering methods on the entire data set. However, in experiments like the ones presented here where a limited number of replications or sample measurements are performed, resulting in many genes being measured with low confidence levels that result in false positives as well as false negatives, such a clustering approach could be misleading placing many genes in wrong clusters. To circumvent this problem, the approach described here is based on selecting those genes differentially expressed with high confidence levels for the initial clustering. Once the genes of these regulatory patterns are established, it is possible to "fish" for other genes with similar regulatory patterns with lower confidence levels that can be included at the discretion of the investigator.
To identify genes differentially expressed at a high confi-
FIG. 3. PPDE(p) or PPDE(<p) versus p values. PPDE(p)
, black dots, is the posterior probability for differential expression for any gene of a given p value. PPDE(Ͻp), gray dots, is the posterior probability for differential gene expression of the group of genes below any given p value. A, ϩO 2 , ϩFNR versus ϪO 2 , ϩFNR. B, ϪO 2 , ϩFNR versus ϪO 2 , ϪFNR.
dence level that correspond to each of the patterns (I-VIII) diagrammed in Fig. 4 , the genes differentially expressed due to the treatment condition of Experiments 1 and 2 were sorted in ascending order according to their p values based on the regularized t test as described under "Materials and Methods." Next, the genes differentially expressed due to the treatment condition of Experiments 2 and 3 were sorted in ascending order according to their p values. 100 genes with the lowest p values present in both lists were selected. These genes exhibited either an increased or decreased expression level between both treatment conditions (i.e. between Experiment 1 and 2 and Experiment 2 and 3; see Fig. 4 ).
To identify those genes differentially expressed with a high level of confidence under the treatment conditions of Experiments 1 and 2 but expressed at the same or similar levels under the treatment conditions of Experiments 2 and 3 (Patterns III and IV; see Fig. 4 ), the 500 genes of Experiments 1 and 2 with the lowest p values were compared with the 500 genes with the highest p values (genes unchanged with values closest to 1) from Experiments 2 and 3. This comparison identified 57 genes that were present in both lists. Likewise, to identify those genes differentially expressed under the treatment conditions of Experiments 2 and 3 but expressed at the same or similar levels under the treatment conditions of Experiments 1 and 2 (Patterns VI and VIII; see Fig. 4 ), the 500 genes of Experiments 2 and 3 with the lowest p values were compared with the 500 genes with the highest p values from Experiments 1 and 2. This comparison identified 48 genes that were present in both lists. These gene lists were combined into a single list of 205 genes differentially expressed under at least one treatment condition. All of the differentially expressed genes of this list exhibit p values less than 0.0013 and a global confidence based on the experiment-wide false-positive level of 99% (PPDE(Ͻp) ϭ 0.99).
Hierarchical Clustering and Principal Component Analysis-In the previous section we described the identification of 205 genes differentially expressed with a high level of confidence and their supervised clustering into the eight regulatory groups of Fig. 4 . These clusters can be used as a "gold standard" for the selection of clustering algorithms and parameters. Such a gold standard is important because all supervised clustering programs will produce clusters, but the members of each cluster will be a function of the clustering parameters chosen (12) .
If we use the default settings of the popular GeneSpring software for hierarchical or k-means clustering of our selected gene set, we obtain many improperly grouped clusters. Therefore, we found it necessary to employ a trial-and-error approach to produce clusters of genes exhibiting the regulatory patterns of Fig. 4 (12) . We empirically determined the parameters that result in the hierarchical clustering of our gold standard gene set. In other words, we used our gold standard gene set for supervised clustering.
As an independent test to corroborate the accuracy of our supervised hierarchical clustering method, we used an unsupervised principal component analysis (PCA) method to cluster and visualize the same set of 205 genes (17) . The PCA clustering results shown in Fig. 5 show that this unsupervised method produces the same results as the supervised hierarchical clustering method. An advantage of the PCA method is that it visually highlights correlations among individual gene clusters and identifies relationships of outliers that are not as apparent with hierarchical trees.
Depending on the statistical threshold selected, some biologically significant genes will appear as false negatives, i.e. they will not meet the standards of an arbitrary statistical threshold. We have found, however, that it is possible to rescue some of these genes by selecting other genes with higher p values that have expression patterns similar to the genes of our gold standard. For example, five of the repressed genes of regulatory pattern I (Fig. 4 ) are previously known FNR regulated genes, and four of these have a documented FNR-binding site in their promoter region (Fig. 6 ). When we use this set of FNR-repressed genes and select additional genes with a similar regulatory pattern to four genes in the center of each PCA cluster (correlation coefficient ϭ 0.97), we pick up an additional 137 oxygen-and FNR-regulated genes, 11 of which are documented in the literature (8) (aceE, aceF, cydB, cyoB, icdA, mdh, sdhA, sdhB, sucA, sucB, and sucC). These genes exhibit p values under one treatment condition or the other ranging from 1 ϫ 10 Ϫ11 to 0.01 and PPDE(p) values from 0.99 to 0.50. With this method the PPDE and p value limits of genes deemed worthy of further investigation can be set by the experimenter.
Interpretation of Clustering Results-For the experimental example described here, we can assess the efficacy of the clustering methods described above by correlating the known regulatory pattern of certain well studied genes with the patterns identified with the clustering algorithms. However, in other less well defined systems, such a standard is not available. Nevertheless, if the methods described here, based on a statistically reliable subset of genes, produce expected results, then it is reasonable to assume that this is a valid method that can be used as a general approach. FNR protein is a homodimer that contains symmetrical helix-turn-helix structures that interact with a highly conserved, dyad consensus DNA sequence (5). This consensus sequence, obtained from mutational analyses and chromosome footprinting experiments performed with nearly a dozen FNR-binding sites, is TTGAT-N4-ATCAA. When FNR acts as an activator of gene expression, it most often binds to a site(s) upstream of and including a site centered at an average distance of 41.5 bp before the transcriptional start site of the affected gene or operon. When it acts as a repressor of gene expression, it binds to other sites often located near the transcriptional start site of the affected gene or operon (5) .
Of the 46 genes down-regulated in the presence of FNR (patterns I, V, and VI, Figs. 4 and 5), 20 contain a documented or predicted FNR-binding site at or near the transcriptional start site with less than a 2-bp mismatch to the 10-bp FNR consensus sequence. Of the 63 genes up-regulated in the presence of FNR (patterns II, VII, and VIII, Figs. 4 and 5), 30 contain an upstream documented or predicted FNR-binding site. Because of the high statistical significance of the genes of these groups that do not exhibit upstream FNR-binding sites, we can be confident that these genes are members of the FNR regulatory network whose expression levels are indirectly affected by FNR. Without appropriate statistical analyses, it would not have been possible to distinguish these genes from false positives. Furthermore, because the expression levels of the 57 genes of patterns III and IV are not affected by the presence or absence of FNR, they are not expected to possess binding sites for this regulatory protein. This is the case. None of these genes possess a documented FNR-binding site or any site with less than a 2-bp mismatch to the 10-bp FNR consensus sequence. Thus, the statistical and clustering methods described here produce results consistent with biological expectations.
Functional Classes of Genes Affected by Oxygen Availability and FNR-Here we limit our discussion to the 205 genes of regulatory patterns I-VIII (Fig. 4) . They represent many genes known to be oxygen-controlled and a larger set for which no previous information is available. These genes are listed in Tables I-VIII. Schematics of the genes in putative or known operons with putative or documented FNR-binding sites are shown in Figs. 6 -11. Many of these genes are involved in aerobic or anaerobic electron transport processes: carbon flow through the Krebs cycle and/or fermentation; small molecule biosynthesis; macromolecular synthesis; and a variety of nutrient uptake or nutrient excretion reactions (Fig. 12) . Regardless of their metabolic role, these genes are discussed below in the context of their expression patterns (Fig. 4) .
Expression Pattern I: Decreased Expression during Anaerobiosis and Increased Expression in an FNR
Strain-Among the 205 genes displayed in the clustering procedures described above, 36 are repressed in anaerobic conditions due to regulation by FNR (Table I) . Of these 36 genes, 5 have been reported to be regulated directly by FNR (8) , and 31 are newly discovered genes that are either directly or indirectly regulated by this global regulatory protein. The genes previously known to be regulated by FNR will be discussed first followed by a discussion of the newly discovered FNR-"repressed" genes.
The cydA gene (part of the cydAB operon) encodes the high affinity terminal oxidase of the oxygen respiratory chain, cytochrome d oxidase. The data obtained here show that cydA is repressed ϳ2-fold during anaerobic growth and is expressed at a 4.7-fold higher level in the FNR-deficient strain. In agreement with these findings, previous studies using a cydA::lacZ fusion and in vitro studies confirm that transcription of the cydAB operon is repressed when oxygen becomes limiting (18) . Other studies have shown that ArcA functions to activate cydAB transcription as oxygen becomes limiting (19, 20) , whereas FNR is required for repression when the oxygen tension is decreased further (18, 21, 22) . This FNR-mediated repression of cydA is consistent with observations that FNR binds in vitro at two different sites, centered at positions Ϫ53.5 and Ϫ1.5, respectively, relative to the P1 transcriptional start (Fig. 6 ) (22) . Three other promoters, P2, P3, and P4, are coordinately regulated with P1 in response to oxygen, ArcA, and FNR; however, a fifth promoter, P5, is not (Fig. 6) (23) .
The cyoA and cydA genes encode cytochrome oxidases. The cyoA gene is the first member of the cyoABCDE operon that encodes all of the subunits of the cytochrome o ubiquinol oxidase. The cyoA gene is expressed 10-fold higher when cells are grown aerobically and 13-fold higher when grown anaerobically in the FNR-deficient strain (Table I) . Previous studies by our laboratory using a cyoA::lacZ fusion in the same isogenic FNR ϩ and FNR Ϫ strains used in this study showed the same regulatory pattern (20) . However, a search of the cyo promoter region does not reveal a site similar to the FNR consensus sequence. This suggests that FNR-mediated repression of this gene is indirect.
The gene for the non-proton translocating NADH dehydrogenase (NdhII), ndh, shows a 2.5-fold higher expression during aerobic versus anaerobic conditions, and a 5-fold increase under anaerobic conditions in the FNR-deficient strain (Table I) . Previous studies (24 -27) have demonstrated that this repression of ndh gene expression is due to the binding of FNR to two sites centered at bp positions Ϫ50.5 and Ϫ94.5 (Table I ).
In addition to the above members of the FNR regulatory network, another gene, nuoE, has been described as negatively regulated by FNR (28) . The nuoA-N operon encodes NADH dehydrogenase I (NdhI), a membrane-associated, multisubunit, proton-translocating enzyme similar to complex I of eukaryotic mitochondria (29) . Expression of the nuoE gene (Fig.  6 ) is 3.8-fold lower under anaerobic conditions and elevated 4.5-fold in the FNR mutant (Table IX) . Previous studies using a nuo-lacZ fusion established that nuo expression is also sub- ject to ArcA-mediated anaerobic repression and NarL nitratemediated anaerobic activation (28) . In this same report, FNR and IHF were reported to have roles as weak repressors under anaerobic conditions, and it was suggested that the effect of FNR may be indirect as a consequence of its role in regulating ArcA expression (30) . This is consistent with the fact that no FNR-binding site is observed in the promoter region of the nuo operon.
The lpd (lpdA) gene, encoding lipoamide dehydrogenase, a member of the phdR-aceEF-lpdA operon (Fig. 6) , shows a 4.8-fold decrease in expression when grown under anaerobic conditions and a 11.4-fold increase in the FNR deletion strain. This operon encodes a pyruvate-responsive repressor (PhdR), pyruvate dehydrogenase (AceE), and lipoate acetyltransferase (AceF), components of the pyruvate dehydrogenase (PDH) complex, as well as Lpd, a component of both the PDH and 2-oxoglutarate (ODH) complexes (31) . Transcription of lpd is coordinated from both the pdhR promoter as well as an internal lpd promoter (Fig. 6) . Although neither the pdhR nor lpd promoters have been reported to be strongly controlled by FNR using lacZ fusions (31, 32) , the results reported here are supported by the observation that the pdh promoter has a previously reported FNR site at bp position Ϫ49.5 (31), and a previously unidentified putative FNR site (2-mismatch) located upstream of the internal lpd promoter (Fig. 6) .
Although the genes discussed above are previously known members of the FNR regulatory network important for anaerobic metabolism, no prior evidence for either oxygen-or FNRmediated regulation of the remaining genes of this cluster has been reported. However, it is interesting that these newly discovered genes that are regulated by FNR under anaerobic conditions fall into to the same functional classes as the genes regulated by the leucine-responsive regulatory protein (Lrp) under aerobic conditions (11) . These functional classes include genes for small molecule biosynthesis and transport and macromolecule biosynthesis. In fact, of the 31 remaining genes of this expression group regulated by FNR under anaerobic growth conditions, 10 are regulated by Lrp under aerobic conditions. A primary role for FNR is to coordinate carbon and energy metabolism during growth under anaerobic conditions. A primary role for Lrp is to coordinate metabolic activities with the nutritional and environmental growth state of the cell. Because many of the same genes are regulated by these two global regulatory proteins, these results suggest functional interactions between these two global regulatory networks.
The genes of this cluster that belong to the small molecule metabolism and transport groups include the three genes of the manXYZ operon (mannose phosphotransferase system): crr (phosphocarrier protein for glucose transport); and ptsG (glucose phosphotransferase enzyme II); gpmA (phosphoglyceromutase); gatY (D-tagatose-1,6-bisphosphate aldolase); talA (transaldolase A); trpB (tryptophan synthase); speD and speE (biosynthesis of spermidine); thiD (thiamin biosynthesis); and prlA (secY), a protein translocator of the secYEG operon. The crr gene is a member of the ptsH-ptsI-crr operon that contains an upstream putative FNR-binding site (2 mismatch) (Fig. 6) . The ompA gene encodes an outer membrane protein.
The remaining genes of this expression group that belong to the macromolecule synthesis class are as follows: rplM, rplT, rpsJ, rpsT, rplS, rpsA, rpmB (ribosomal protein); tufA (elongation factor Tu); atpB (uncB) (ATP synthase); trmD, (tRNA methyltransferase); and oppA (oligopeptide permease). The rplM gene is predicted to be part of a two-gene operon and has a putative FNR-binding site (2 mismatch) upstream of the putative promoter for this operon (Fig. 6 ). The functions of the remaining six genes in this list, yfiA, yceD, yadF, yajG, yggV, and yajC, remain to be characterized. Two of these genes, yfiA and yggV, are members of predicted operons, which have putative FNR sites (2 mismatch) in their upstream regions (Fig. 6) .
Expression Pattern II: Increased Expression during Anaerobiosis and Decreased Expression in an FNR Strain-
The transcription of the 58 genes of expression pattern II (Table II) are both induced in the absence of oxygen and positively regulated by FNR. Among the 23 previously reported FNR-activated genes, none are present in this expression group; however, 10 genes in Table II possess a putative FNR-binding site (Fig. 7) . In agreement with the suggestion that there is a significant interaction between the Lrp and FNR regulatory networks, 23 of the 58 genes of this group are regulated by Lrp under aerobic growth conditions (11) . Furthermore, the 58 genes of this group again can be grouped into the functional categories of small molecule metabolism and transport and macromolecule biosynthesis characteristic of Lrp-regulated genes.
Among the genes of the small molecule metabolism group, fdhF, tdh, pyrD, metL, and mhpF are dehydrogenases. The dehydrogenases can be divided into the following two groups: those involved in the supply of reducing potential for energy generation (fdhF, tdh, and mhpF, and those involved in anabolic processes required for the supply of metabolic intermediates (pyrD and metL). The fdhF gene encodes formate dehydrogenase-H (part of the formate dehydrogenase-H complex). Previous studies using an fdhF::lacZ gene fusion confirm that its transcription is activated anaerobically in the presence of FNR (33) . The tdh gene encodes threonine dehydrogenase, involved in the conversion of threonine to glycine. This gene is a known member of the Lrp regulon (34) . The mhpF gene is reported to encode acetaldehyde dehydrogenase, part of the gene cluster encoding the 3-(3-hydroxyphenyl)propionate catabolic pathway (35) . These pathways might provide electrons for anaerobic respiration. The mobB gene product is involved in molybdenum cofactor biosynthesis. The narY gene encodes a cryptic nitrate reductase subunit, and tynA encodes a tyramine oxidase.
Among the dehydrogenases involved in anabolic processes, pyrD encodes the pyrimidine biosynthetic enzyme dihydro-orotate dehydrogenase, and metL encodes the aspartokinase IIhomoserine dehydrogenase, a member of the metBL operon. Other genes of this group include two transferases: glnE encoding glutamine synthetase/adenyltransferase and glnD, encoding a uridylyl transferase; speC, ornithine decarboxylase; and sbp, a periplasmic sulfate-binding protein.
Nine genes of this expression pattern belong to the small molecule transport functional class: caiT, nanT, uraA, xylE, proW, pstS, yadQ, yabM, and yhcL. The caiT gene encodes a putative carnitine/betaine transport protein involved in osmoprotection, reported to be transcribed during anaerobic growth (36) . Recent results from our laboratory employing a caiT::lacZ fusion confirm the DNA microarray data reported here. 3 The proW gene encodes the high affinity transport protein for glycine, betaine, and proline, whereas pstS encodes a high affinity phosphate-specific transporter. The nanT gene encodes a sialic acid transporter; the uraA gene encodes an inner membrane protein involved in the transport of uracil in the cell, and xylE encodes a xylose-proton symporter. Finally, the three additional genes encode a homologue of a mammalian chloride channel protein (yadQ), a sugar efflux transporter that can transport both glucose and lactose (yabM), and yhcL (dcuD), which shares significant homology to dcuC, a C4-dicarboxylate carrier that functions during anaerobic growth. The function of the YhcL (DcuD) protein is currently unclear (37) .
The genes of this expression pattern belonging to the macromolecular synthesis class include genes for DNA repair. These genes are as follows: recC, a subunit of the RecBCD enzyme complex; dinG, encoding a LexA-regulated DNA repair enzyme; and sbcC, a cosuppressor of recBC mutations. The acrF gene encodes a lipoprotein, and the glgA gene is required for glycogen synthesis. The fliP gene is a gene required for flagella synthesis, and iadA encodes an isoaspartyl dipeptidase.
Rounding out the genes of this expression group are the following: araB and araA, encoding the ribulokinase and Larabinose isomerase, of the araBAD operon; mrcA, encoding penicillin-binding protein 1A; yheF (gspD), a member of the general secretory pathway; and rarD, a gene involved in chloramphenicol resistance. The 26 remaining members of this expression pattern are currently uncharacterized.
Expression Pattern III: Decreased Expression during Anaerobiosis, No
Change in an FNR Strain-Genes with reduced anaerobic expression but unaffected by FNR were clustered into expression pattern III (Table III) . With one exception, the 45 genes of this cluster have not been studied previously for their expression under anaerobic growth conditions; however, 14 contain putative FNR-binding sites (Fig. 8) The single gene of this cluster previously known to be regulated by oxygen and not affected by FNR is formate dehydrogenase-O, the product of the fdoH gene. This gene is expressed 2.3-fold higher during growth under aerobic than under anaerobic conditions (Table III) . Previous transcriptional fusion studies have reported a 3-fold increase in the expression level of this gene during aerobic growth, and this decreased expression during anaerobiosis is independent of FNR, as well as ArcA (38) . (Table IV) show elevated expression under anaerobic growth conditions but are not affected by the deletion of the FNR allele; none of these genes contain documented or putative FNR-binding sites near their promoter regions. Of these genes, poxB and ubiC have been reported to be affected by oxygen availability. The poxB gene product, pyruvate oxidase, is growth phase-dependent exhibiting maximal expression during early stationary phase. It has also been reported that poxB expression is repressed during anaerobiosis in a manner that is not mediated by ArcAB or FNR (39) . The ubiC gene product, chorismate lyase involved in the first two steps of ubiquinone biosynthesis, is induced during growth under anaerobic conditions (40) . No FNR-binding site is evident in the promoter regulatory region of either of these genes. The appBC operon encodes subunits of a second putative cytochrome oxidase similar to CydAB.
Expression Pattern IV: Increased Expression during Anaerobiosis, No Change in an FNR Strain-The 12 genes of this cluster
Previous studies (41) have confirmed that the expression of the gadA and gadB genes, two highly homologous glutamate decarboxylases, are elevated under anaerobic conditions 23-and 24-fold, respectively. Recent lacZ transcriptional fusion experiments in our laboratory confirm these results and further demonstrate that these genes are regulated by ArcA but, as reported here, not by FNR. 3 The remaining members of this cluster include cyaA, the adenylate cyclase gene, and mrr involved in the restriction of methylated adenine residues. In addition, four genes of unknown function cluster to this group: hdeA, hedB, ybeD, and ygjD.
Expression Pattern V: Increased Expression during Anaerobiosis, Increased Expression in an FNR Strain-This cluster contains only a single gene of unknown function, ybjX (Table V) . (Table VI) . Two, purN and gapC-1, contain putative FNR-binding sites (Fig. 9) , and two are of unknown function (ydcF and yhbJ). Seven genes of this cluster are involved in small molecule metabolism and transport: gapA and gapC-1, structural genes for glyceraldehyde-3-phosphate dehydrogenase A and C, essential for glycolysis, and purN, the 5Ј-phosphoribosylglycinamide transformylase I structural gene. The nrdB gene of the nrdAB operon is the structural gene for ribonucleoside di-phosphate reductase subunit B2, an aerobic nucleotide reductase. Previous studies (42) demonstrate that nrd expression is decreased during fermentative or NO 3 respiring conditions. The artI gene of the artPIQMJ operon is involved in arginine transport. The potF gene is a member of the potFGHI operon involved in the transport of putrescine. Both artI and potF are regulated by Lrp under aerobic growth conditions (11) . The his gene of the hisTJQMP operon encodes a histidinebinding protein that is part of the periplasmic permeases for the high affinity uptake of histidine.
Expression Pattern VI: No Change during Anaerobiosis, Increased Expression in an FNR Strain-This cluster contains nine genes
Expression Pattern VII: Decreased Expression during Anaerobiosis, Decreased Expression in an FNR Strain-Two of the five genes in this cluster are unknown (ybdE and ylcD), and two contain documented FNR-binding sites (8) (Table VII and Fig.  10 ). One gene encodes ribosomal protein L29, rpmC, and the remaining two genes, frdA and nirB, encode oxidoreductases involved in fumarate and nitrate reduction during anaerobiosis. Previous studies (43) from our laboratory using a frdA::lacZ fusion have demonstrated a 10-fold increase during anaerobic versus aerobic cell growth, and have demonstrated that FNR is responsible for this anaerobic activation. However, the data in Table VII show a 2-fold reduction in the expression of this gene during anaerobiosis. This discrepancy is likely due to the fact that the frdA and sdhA genes are paralogs that show a high degree of sequence identity. Because these genes are regulated in a reciprocal manner, the array results probably reflect hybridization of both of these targets to the frdA probe. It should be noted that systematic experimental errors of these types elude statistical screening. In this specific case, the only way to remove this source of error is to redesign the array probes to avoid cross-hybridization with multiple targets.
The nirB-encoding nitrite reductase is a soluble sirohemecontaining enzyme that uses NADH as an electron donor to reduce nitrite in the cytoplasm. Although the array data presented in Table VII indicate that nirB expression is decreased during anaerobic growth, a lacZ transcriptional fusion showed that expression of the nirBDC operon is activated by FNR during anaerobic cell growth (44, 45) . Therefore, the nirB gene, like the frdA gene, should have clustered to Expression Pattern I. Again, this discrepancy might be due to the high similarity of a region of the nirB gene to other nitrate and sulfate reductase subunits encoded by the nirD, cysI, and cysJ genes. (Table VIII) , 4 are known to be regulated by oxygen and/or FNR under anaerobic growth conditions, and 8 contain putative FNR-binding sites (Fig. 11) .
Three of the genes of this cluster (gcvT, lysU, and dadX) are known to be regulated by Lrp under aerobic growth conditions. Again, the genes of this cluster are mostly members of the small molecule metabolism and transport or molecular biosynthesis functional classes.
The four genes reported to be regulated by oxygen and/or FNR are fumB, lysU, nikA, and narX. The fumB gene encodes the anaerobic fumarase involved in the reductive pathway from oxaloacetate to succinate during anaerobic growth. Woods and Guest (46) demonstrated that the fumB gene is elevated 4-fold during anaerobic fermentative growth, and Tseng (47) showed that both ArcA and FNR are responsible for this anaerobic activation. Although our microarray data indicate that fumB is not regulated with respect to oxygen, this is probably a result of Six genes of this regulatory pattern are involved in small molecule metabolism, two of which are known to be regulated by Lrp (53) . These are as follows: nadC, encoding quinolinate phosphoribosyltransferase; sdaB, encoding an Lrp-regulated L-serine deaminase; dfp, encoding a flavoprotein affecting DNA synthesis and pantothenate metabolism; aroK, encoding shikamate kinase; dadX, encoding an Lrp-regulated alanine racemase; and, aat, encoding aminoacyl-tRNA-protein transferase.
Three genes are involved in small molecule transport. These are as follows: emrK, encoding a putative multidrug resistance pump; fhuC, involved in ferric hydroxamate-dependent iron uptake; and aroP, encoding a general aromatic amino acid transport protein.
Three genes are involved in macromolecular synthesis: eutK (b2438), encoding a putative carboxysome structural protein; umuC, involved in UV induction of mutations; and parC, involved in cell partitioning.
The final members of this cluster are ilvY and gcvT. The ilvY gene is the positive regulator for ilvC gene expression, a gene required for branched chain amino acid biosynthesis. These pathways are known to be regulated by Lrp under aerobic growth conditions (11, 54) . The gcvTHP operon encodes proteins that cleave glycine to produce one-carbon units and ammonia. This gene is also regulated by Lrp under aerobic growth conditions (53) .
The functional class distribution of the 205 genes of regulatory patterns I to VIII is shown in Fig. 12 . Roughly 35% are hypothetical or unclassified, and another 23% are involved in small molecule metabolism. Most of the previously documented oxygen-controlled genes fall into the categories of carbon/energy metabolism (15%).
Genes Not Expressed in at Least One Experiment-Only those genes exhibiting an expression level greater than zero in all experiments were used for statistical analysis as described above. To identify differentially expressed genes that are not expressed under one condition but turned on under another treatment condition (or vice versa), gene measurements containing zero expression values were set aside and are listed in Table IX . This set contains 25 genes with zero expression values for all measurements in at least one experiment, and expression levels greater than 1 ϫ 10 Ϫ5 of total mRNA for all measurements in at least one of the remaining experiments. The significance of these results was evaluated by the coefficients of variance of the four greater than zero measurements. These genes are grouped according to their regulatory patterns, described above, in ascending order of their coefficients of variance (Table IX) . Four of these genes contain putative FNR-binding sites (Fig. 13 ).
SUMMARY AND CONCLUSIONS
In this report we describe and employ statistical methods appropriate for high dimensional DNA microarray experiments for the identification of differentially expressed genes with a high level of confidence. These methods allow us to infer differential expression for more than one-third of the 4,290 genes of E. coli during growth in the presence or absence of oxygen ( Fig. 2A) . We further observe that about one-half of these changes in expression levels are mediated, either directly or indirectly, by FNR (Fig. 2B) . These results show that the network of genes required for the transition of cells from aerobic to anaerobic growth conditions is as much as 10 times larger than previously suspected. This discovery emphasizes the power of global gene expression profiling experiments over previous onegene or one-operon approaches.
Previous approaches have revealed about 70 genes that are regulated by FNR or ArcAB under anaerobic growth conditions. The results presented here identify 166 among 205 genes with p values less than 0.0013 and PPDE(Ͻp) values above 0.99 whose expression is affected by FNR. However, if we include all genes expressed at a level above background and examine the PPDE versus p value plots, we see that our confidence for any gene expressed at a p value less than 1 (PPDE(Ͻp)) is 0.63. This means that we can be 63% confident that any gene in our data set is differentially expressed, i.e. 63% of the 2,820 or about 1,700 of the genes analyzed in these experiments are differentially expressed between cells grown in the presence or absence of oxygen (Fig. 3A) . In the same manner, the data in Fig. 3B show that about 60% of these 1,700 genes or 1,000 genes are either directly or indirectly regulated by FNR. Thus, these results greatly expand our knowledge of genes that compose these regulatory networks.
Regulatory patterns I (anaerobically repressed, decreased expression in the presence of FNR) and II (anaerobically activated, increased expression in the presence of FNR) where FNR acts as a repressor (Table I, Fig. 4, and Fig. 6 ) or activator (Table II, Fig. 4 , and Fig. 7 ) are most easily reconciled with previous reports. Of the 94 genes of these patterns about onequarter (23) contain known or putative FNR-binding site motifs. Among this subset four contain previously characterized FNR-binding sites. These results suggest that we might expect the total number of genes directly activated or repressed by FNR to be in the range of 200 genes.
Regulatory patterns III (anaerobically repressed, not affected by FNR) and IV (anaerobically activated, not affected by FNR) are most easily explained as genes affected by the ArcAB system or as yet unidentified global regulators such as Lrp, IHF, FIS, or H-NS. Furthermore, because only 2 of the 57 genes of these groups are known to be regulated by ArcA, our results suggest that, like FNR, the number of ArcA-regulated genes may also be much larger than expected previously.
It is more difficult to understand the physiological roles that many of the genes of regulatory patterns V-VIII might play in anaerobic metabolism. However, it is striking that the genes of these patterns fall into the same functional classes as the functional classes of genes regulated by Lrp under aerobic conditions (11) . It is tempting to speculate that these results reveal common functions between FNR and Lrp under aerobic or anaerobic growth conditions. This is perhaps not unreasonable because the roles of both of these global regulatory proteins are to coordinate gene expression levels with nutritional and environmental growth conditions. To illustrate this overlap between genes regulated by FNR and Lrp, we compared the 500 genes with the highest PPDE(p) values (Ͼ0.991) and the lowest p values (Ͻ0.0014) obtained from the array experiments reported here comparing fnr isogenic strains under anaerobic 
